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I n-season, variable rate application of N fertilizer relies on the use of optical sensors on ground-based applicators that sense the crop and trigger N applications according to the crop's potential yield response (Raun et al., 2002) . Optical sensing equipment that employs this approach is now commercially available to growers and fertilizer dealers (www.ntechindustries.com and www.hollandscientifi c.com). Th is advanced technology relies on vegetation indices such as the NDVI, which contrasts the refl ectance in chlorophyll-absorbing red wavelengths (590-690 nm) with internal-leaf-scattering near infrared (NIR) wavelengths (780-1300 nm) (Tucker, 1979) . Within-fi eld variation in red and NIR canopy refl ectances, and hence NDVI, may result from spatial patterns in N defi ciency, vegetation cover, LAI, and leaf C ab .
In water-limited environments, variations in LAI and cover are oft en linked to soil water content rather than plant available N. Rodriguez et al. (2006) showed LAI in wheat varies with respect to plant available water despite similar plant N status. Strachan et al. (2002) found N rich regions could be misidentifi ed as N limited regions when water stress at midseason mimicked N stress by lowering LAI. Ground-based sensing could accurately predict plant N demand where N was the primary growth limiting factor, which led to high yields, high N use effi ciency, and reduced risk of N loss to the environment (Link et al., 2005) . Unfortunately, the method failed where soil water content was the main limiting factor, and resulted in low N use effi ciency, high residual soil N, and increased risk of N loss.
Another limitation of NDVI is that it is insensitive to variations in chlorophyll concentration on reaching saturation at low vegetation abundance (Gitelson and Merzlyak, 1996; Daughtry et al., 2000) . Fortunately, leaf chlorophyll indices, which utilize the spectral region between red and NIR refl ectance, or red edge (690-730 nm), have been developed that are highly responsive to a wide range of C ab values (Gitelson and Merzlyak, 1996) . Th ese indices have proven useful for remote sensing of crop N status primarily under nonlimiting water conditions where biomass is positively correlated with plant available N. However, because leaf chlorophyll indices are determined from refl ectances at red and NIR wavelengths, these indices have some sensitivity to variations in LAI and cover caused by variations in soil moisture content.
Combined vegetation indices estimate crop N under varying amounts of canopy cover by comparing an index that has relatively greater sensitivity to C ab with an index that has relatively greater sensitivity to LAI and cover (Daughtry et al., 2000) . Barnes et al. (2000) used the NDVI as a measure of canopy cover and the Normalized Diff erence Red Edge index [NDRE = (NIR-red edge refl ectance)/(NIR + red edge refl ectance)] as a measure of C ab to derive the canopy chlorophyll content index (CCCI) . Th e CCCI explained up to 69% of the variance in N content of dryland wheat irrespective of crop water status and crop cover . Utilizing imagery from the Compact Airborne Spectrographic Imager, the combined index TCARI/OSAVI, formed from the ratio of the transformed chlorophyll absorption in refl ectance index (TCARI) and the optimized soil-adjusted vegetation index (OSAVI), was found to enhance sensitivity to chlorophyll content (r 2 = 0.81) and reduce background refl ectance contributions from soil (Haboudane et al., 2002) . Combining MCARI and OSAVI into MCARI/OSAVI yielded good results (r 2 > 0.69) when predicting the chlorophyll content of corn (Daughtry et al., 2000) and tree crowns (Zarco-Tejada et al., 2004a) . Recently, Eitel et al. (2007) combined MCARI with MTVI2 of Haboudane et al. (2002) in ratio (MCARI/ MTVI2) and improved spectral estimates of C ab and fl ag leaf N of dryland wheat (r 2 > 0.70).
Maximum N uptake in wheat occurs aft er tillering and before fl owering (Knowles and Watkins, 1931) . Nitrogen applications aft er tillering tend to increase yield, but under dry conditions, uptake of the N from the soil may be impaired (Grant and Flaten, 1998) . Uptake of N from foliar applications of liquid fertilizer is less dependent on soil conditions and may be eff ective if root uptake is impaired due to dryness (Gooding and Davies, 1992; Grant and Flaten, 1998) . Reports in the literature have shown that late-season foliar N, when applied before fl owering, can increase the protein concentration of wheat (Finney et al., 1957; Powlson et al., 1989; Bly and Woodard, 2003) . Th us, ground-based sensing and late-season foliar N are potentially useful for dryland wheat production when it is economically important to maximize the protein concentration of grain.
Th e objective of this study was to evaluate the performance of combined spectral indices for sensing of C ab and N status at late-season in dryland wheat fi elds, where spectral variability in the visible and NIR bands is dominated by water-induced variations in LAI. We focus on MCARI/MTVI2 because previously it off ered improved results over NDVI, TCARI/OSAVI, and MCARI/OSAVI (Eitel et al., 2007) . Th is information is important for deciding whether to apply foliar N applications for grain protein enhancement as well as suggesting improvements to current ground sensing systems for use in dryland environments.
MATERIALS AND METHODS
Study Areas In 2006 , hard red spring wheat was grown within three commercial dryland wheat fi elds: 11-ha fi eld (F1) near Potlatch, ID (46°57´43˝ N, 116°51´40˝ W); 71-ha fi eld (F2) (45°48´54˝ N, 118°40´51˝ W) and 49-ha fi eld (F3) (45°50´17˝ N, 118°40´48˝ W) near Helix, OR (Table 1) . At planting, the grower applied 123 kg of N ha −1 as granular urea fertilizer (46% N) in F1. In F2 and F3, the grower had intended to apply 67 kg of N ha −1 with the seed, but an error resulted in 33 kg of N ha −1 applied as commercial liquid N fertilizer (containing 27% N, mixture of ammonium nitrate, ammonium sulfate, and urea). By midseason, the grain crops displayed symptoms of crop N deficiency, as indicated by yellowing of leaf tissue. Yellowing in F1 was confi ned to small depressions where cool, wet soil conditions produced N losses by denitrifi cation, whereas yellowing in F2 and F3 extended over large areas due to underfertilization.
Th e soils at F1 are predominantly the Joel (fi ne-silty, mixed, superactive, frigid Alfi c Argixerolls) and Taney (fi ne-silty, mixed, superactive, frigid Vitrandic Argixerolls) series formed in loess (Barker, 1981) . Th ey have a rooting depth of about 150 cm or more. Th e permeability is moderately slow due to clayey subsoil. Water holding capacity is high. Runoff is rapid and the hazard of water erosion is high. Th e potential frost action is high. Th e average annual precipitation is 640 mm, average annual air temperature is 7°C, and the average frost-free period is 110 d. Th e soil at F2 and F3 is the Walla Walla (coarsesilty, mixed, superactive, mesic Typic Haploxerolls) series also formed in loess (Johnson and Makinson, 1988) . Water permeability is moderate and available water capacity is about 20 to 30 cm. Eff ective rooting depth is 150 cm or more. Runoff is rapid and the hazard of water erosion is high. Th e average annual precipitation is 300 to 380 mm, the average annual air temperature is 10 to 12°C, and the average frost-free period is 135 to 170 d.
Field Measurements
Within each field, smaller areas of the crop were visually identified from the ground that differed in degree of greenness. The crop was sampled for chlorophyll and N contents at Zadoks growth stages 57 to 60 (late heading to early flowering). Sampling locations were chosen using a stratified random sampling scheme, with dark or light crop greenness representing the stratification variable. An equal number of plots (3 m by 3 m) were randomly placed within dark-green or light-green areas, and totaled 42 in F1, 50 in F2, and 52 in F3.
To estimate C ab within each plot, 30 randomly selected fl ag leaves were measured with a Minolta Soil Plant Analysis Development (SPAD) 502 chlorophyll meter (Spectrum Technologies, Plainfi eld, IL). Measurements of fl ag leaf N concentration were obtained for the same 30 fl ag leaves in the laboratory by using an automated dry combustion instrument, or Dumas procedure (Th ermo Finnigan Flash 1112 Series). Th e fl ag leaf N and SPAD values of a plot were taken as the average of the 30 measurements. Th e LAI was measured using a LI-COR model LAI-2000 plant canopy analyzer (LI-COR, Lincoln, NE). Within each plot, 16 measurements were taken with the plant canopy analyzer and averaged.
Spectral refl ectance measurements were obtained with the handheld CropScan model MSR87 multispectral radiometer (CropScan, Inc., Rochester, MN) having a diameter fi eld of view that is one half of the height of the radiometer when held above the crop canopy. Th e multispectral bands corresponded with the following wavelengths: band 1 (546-554 nm), band 2 (664-676 nm), band 3 (683-720 nm), and band 4 (764-796 nm). For each plot, eight spectra were taken approximately 1 m from the plot center by moving the radiometer in 45° increments on a circle around the edge of a plot. To minimize eff ects of illumination geometry, spectra were taken between 1100 h and 1500 h (Pacifi c Daylight Saving Time) under cloud-free conditions. Interested readers may wish to consult Reyniers and Vrindts (2006) on adapting the CropScan MSR radiometer for real-time, ground-based remote sensing and N fertilizer application.
Canopy Refl ectance Model Simulation
Th e PROSPECT radiative transfer model (Jacquemoud and Baret, 1990; Jacquemoud et al., 1996) was used to simulate leaf refl ectance and transmittance spectra between 500 and 900 nm at a spectral resolution of 1 nm. Model input parameters are leaf structural parameter N, leaf water content C w (cm), leaf dry matter content C dm (g cm −2 ), and leaf C ab (μg cm −2 ). Th irteen simulated leaf refl ectance and transmittance spectra were obtained with N = 1.55 (average value for corn, soybean, and wheat; Haboudane et al., 2004) , C w and C dm assigned fi xed values of 0.012 and 0.005, and C ab ranging between 20 and 80 μg cm −2 in 5 μg/cm −2 increments.
Canopy refl ectance was simulated using the SAIL canopy model (Verhoef, 1984) for MS-Windows (www.ars.usda.gov/ services/soft ware/soft ware.htm). Model inputs consisted of the following viewing/illumination parameters: latitude, solar declination angle, spherical leaf angle distribution, sensor viewing angle, sensor zenith angle, time of day, and fraction solar direct (Table 2 ). Infl uence of soil background on simulated canopy refl ectance spectra was negated by setting the model's input for soil refl ectance to a constant value of 0.01. SAIL was then run with 10 diff erent LAI values ranging between 1.0 and 6.5 for each of the 13 leaf refl ectance and transmittance spectra that had been simulated with PROSPECT for the diff erent C ab values.
Th e hyperspectral refl ectance data simulated by PROSPECT+SAIL were converted to band equivalent refl ectance (BER) of the CropScan multispectral radiometer using the following equation (Trigg and Flasse, 2000 where R x = the BER for band x; λ min = starting wavelength of band x's fi lter function; λ max = ending wavelength of band x's fi lter function; r i = relative response in refl ectance for band x at wavelength i; ρ i = refl ectance measured by spectroradiometer at wavelength i. Th e BER data, derived from both model simulated and fi eld measured spectra, were used to compute single and combined indices (Table 3 ). In accordance with Haboudane et al. (2002) , spectral indices obtained from model output were plotted against C ab as a function of LAI as needed to examine the sensitivity of each index to variations in LAI. Division of the simple ratio (SR), greenness index (GI), and triangular vegetation index (TVI) by their maximum value resulted in scaling each index to values between 0 and 1. Simple linear regression was performed in the statistical soft ware package R (Free Soft ware Foundation, Inc., Boston, MA) to examine the relationship between each spectral index, and ground measured SPAD values or fl ag leaf N. Regression analysis involved fi tting both linear and nonlinear models for each set of dependant and independent variables. Goodness of fi t was evaluated based on the coeffi cient of simple determination (r 2 ), RMSE, and P value. Overall performance of spectral indices was evaluated across the three fi elds by basing the r 2 on the relative variance (r s 2 ):
where s p 2 = pooled variance; s t 2 = total variance of the data series for the three fi elds. Th e pooled variance, s p 2 , is expressed as:
where x ij = the value of a spectral index of the jth plot in the ith fi eld; Σ(x ij -xi ) 2 = sums of squares for the ith fi eld; n i = number of observations in the ith fi eld; n t = total number of fi elds. Correlations were considered statistically signifi cant at a probability level of P < 0.01.
Equivalence testing (Robinson et al., 2005) was used to determine whether the predicted values from a regression model for a given fi eld were similar to the observed values used to develop models for the other fi elds. Equivalence tests were conducted using the Equivalence package available in the statistical computing and graphics soft ware R (Free Soft ware Foundation, Inc., Boston, MA). Th e following regions of (Table 1) . Within-fi eld variability, likely due to spatial variability in both soil water content and residual soil N, promoted a wide range of responses in LAI, crop color, and fl ag leaf N concentration. Average SPAD values were signifi cantly greater in dark-green versus light-green colored areas, which confi rmed our use of crop greenness as a stratifi cation variable. Values of the standard deviation indicate that spatial variability in SPAD values and fl ag leaf N was greater within F1 and F2 than within F3. Figure 1 shows the change in the relationship between C ab and values of each spectral index simulated using PROSPECT+SAIL with stepwise changes in LAI between 1.0 and 6.5. Single vegetation indices computed from model simulations tended to be either insensitive to variations in both C ab and LAI, sensitive to variations in both C ab and LAI, or insensitive to C ab and sensitive to LAI. For example, NDVI and TCARI were the least aff ected by variations in LAI, but were relatively insensitive to variations in C ab, especially for C ab above 50 μg cm −2 . Indices OSAVI and MTVI2 were insensitive to C ab , but sensitive to LAI. Indices highly sensitive to changes in C ab , such as TVI, MCARI, green normalized diff erence vegetation index (GNDVI), and SR, were also (structural or chlorophyll) ratio and combined indices used in this study. Numbered bands are sensitive to the following wavelengths: band 1 (546-554 nm), band 2 (664-676 nm), band 3 (683-720 nm), and band 4 (764-796 nm) .
Model Simulations

Vegetation index Equation Reference
Structural indices
Normalized difference vegetation index NDVI = (R band4 -R band2 )/(R band4 + R band2 ) Rouse et al. (1974) Green normalized difference vegetation index GNDVI = (R band4 -R band1 )/(R band4 + R band1 ) Gitelson and Merzlyak (1996) Optimized soil-adjusted vegetation index OSAVI = (1 + 0.16)(R band4 -R band2 )/(R band4 + R band2 + 0.16) Rondeaux et al. (1996) Simple ratio SR = (R band4 /R band2 ) Rouse et al. (1974) Second modifi aff ected by variations in LAI. Th ese fi ndings illustrate the diffi culty of fi nding a single vegetation index that is sensitive C ab yet insensitive to LAI and plant cover. Th e combined index TCARI/OSAVI was more sensitive to C ab and more resistant to LAI than TCARI alone. Likewise, MCARI/MTVI2 was more sensitive to C ab and more resistant to LAI than MCARI. Th ese results with dryland wheat add to earlier fi ndings with corn (Haboudane et al., 2002) and olive trees (Zarco-Tejada et al., 2004b) indicating that combined indices improve estimation of C ab compared with single indices. Th e MCARI/MTVI2 increased linearly with increases in C ab between 20 and 80 μg cm −2 whereas TCARI/OSAVI showed a linear response that saturated above 50 μg cm −2 . Th erefore, MCARI/MTVI2 apparently may be more sensitive to variation in C ab than TCARI/OSAVI.
Chlorophyll and Flag Leaf N Predictions Using Ground Data
From the above model simulations, combined index MCARI/MTVI2 apparently may off er acceptable resistance to LAI together with greater sensitivity to C ab than TCARI/ OSAVI and single indices. In general, regression analysis of fi eld data showed stronger relationships between all single indices and LAI for each fi eld (r 2 ≤ 0.85) than between TCARI/ OSAVI and LAI for F2 and F3 (r 2 = 0.02), and between MCARI/MTVI2 and LAI for F1 (r 2 = 0.02), and F2 and F3 (r 2 = 0.01) ( Table 4) . Scatter plots of SPAD value or fl ag leaf N vs. spectral indices reveal stronger relationships for MCARI/ MTVI2 (r 2 > 0.63) than for NDVI, MTVI2, or MCARI (r 2 < 0.20) apparently because this combined index is less sensitive to variations in LAI than these single indices (F1; Fig. 2) . Based on values of the r 2 , the best spectral indices for correlation with ground-measured SPAD values were MCARI/ MTVI2 (0.50 ≤ r 2 ≤ 0.78) followed by TCARI (0.27 ≤ r 2 ≤ 0.67), TVI (0.22 ≤ r 2 ≤ 0.64), MCARI (0.20 ≤ r 2 ≤ 0.58), and TCARI/OSAVI (0.19 ≤ r 2 ≤ 0.51) ( Table 4) . For correlation with fl ag leaf N, the best indices were MCARI/MTVI2 (0.35 ≤ r 2 ≤ 0.63) and TCARI/OSAVI (0.24 ≤ r 2 ≤ 0.37), and TCARI (0.19 ≤ r 2 ≤ 0.38). In comparison, regression results for conventional indices such as NDVI, GNDVI, OSAVI, and SR showed weaker, insignifi cant relationships (r 2 < 0.10).
Overall, MCARI/MTVI2 was more strongly correlated with SPAD values than TCARI/OSAVI (Table 4) . Similarly, the correlation between MCARI/MTVI2 and flag leaf N was more pronounced than between TCARI/ OSAVI and flag leaf N. Stronger relationships in this study suggest that MCARI/MTVI2 was not only more sensitive to C ab , but also less negatively influenced by variations in LAI and soil background reflectance than TCARI/OSAVI and any single ratio index.
Determination coefficients for correlations between spectral indices and flag leaf N concentrations were generally lower than those for correlations between spectral indices and SPAD values (Table 4) . For example, the correlation was stronger between MCARI/MTVI2 and SPAD (0.50 ≤ r 2 ≤ 0.78) than between MCARI/MTVI2 and flag leaf N (0.35 ≤ r 2 ≤ 0.63). Lack of a linear relationship between C ab and flag leaf N content may explain this decrease (Baret and Fourty, 1997) , particularly at high leaf N contents where the relationship has been shown to be nonlinear (Evans, 1983) .
In F2, single ratio indices TCARI and TVI performed as well as MCARI/MTVI2 for SPAD values and fl ag leaf N (Table 4) . Th is result deviated from the expectation that a single ratio index will perform less well than a combined index under spatially variable LAI. Th e cause of the deviation is unknown. In addition, the plotted points for the relationship between simulated C ab and MCARI/MTVI2 shift to the left (toward smaller values of MCARI/MTVI2) with increasing LAI (Fig. 1) . In contrast, the position of this relationship for the observed data is farthest to the right for F1 (Fig. 3) , which had the greatest average LAI (Table 1) . Th is diff erence between simulated and measured results may arise from slight growth diff erences among fi elds and the model's inability to account for the infl uence of wheat heads on spectral canopy refl ectance (Haboudane et al., 2004) . Compared with F2 and F3, the wheat in F1 was further into the heading growth stage when sampled. By increasing red refl ectance and reducing NIR refl ectance, the formation of heads as the wheat approaches fl owering leads to a refl ectance spectrum that mimics a canopy with low LAI (Haboudane et al., 2004) . Nevertheless, the overall results of this study have shown that index MCARI/MTVI2 was the best predictor of SPAD values and fl ag leaf N across the three fi elds while being least sensitive to LAI.
Equivalence testing revealed that a regression model developed in one fi eld lacked geographic transferability to the other two fi elds (Table 5) . Th ough the two one-sided 95% confi dence intervals for the intercept were well inside of the associated intervals of equivalence, the confi dence intervals for the slope were not completely contained by intervals of equivalence for any test of equivalence. Further evidence against similarity is indicated by regression models illustrating diff erences in intercepts and slopes and the apparent limitation of a single regression model to explain the variance across all three fi elds (Fig. 3) . Th is lack of geographic transferability of regression models apparently may be attributed to fi eld diff erences in crop phenology or soil refl ectance, which may infl uence the spectral response of plant canopies (Huete et al., 1985; Foody et al., 2003; Haboudane et al., 2004) . Further research is needed to investigate the geographic transferability of regression models.
Potential Application in Precision Nitrogen Management
In this study, traditional simple vegetation indices (i.e., NDVI, GNDVI, OSAVI, SR, and GI) using green, red, or NIR refl ectance were poorly related, or not at all, with SPAD values or fl ag leaf N in hard red spring wheat. Th is inability was due to sensitivity to LAI, which confounds predictions of crop N status, and thus limits the usefulness of these spectral indices for predicting wheat N status under dryland conditions. Th e ground-based remote sensing method developed for wheat by Raun et al. (2002) assumes that the NDVI is related to biomass through the negative eff ect of N defi ciency on vegetation cover. Under water limiting conditions, however, vegetation cover is heavily infl uenced by plant available soil water and will not adequately refl ect the variation due to N defi ciency. Th erefore, we do not expect late-season crop sensing methods that rely on the NDVI-biomass relationship to be appropriate for semiarid areas, particularly where growing season rainfall is low (<450 mm) and sporadic. In contrast, our results were very promising for optical sensing systems that base in-season N applications on relationships between MCARI/MTVI2, and C ab or fl ag leaf N. A potential application of this information, the one described in this study, is the assessment of hard red wheat N status at late heading to early fl owering (Zadoks growth stages 57-60) and controlling the application of foliar N for the purpose of improving grain protein at harvest. Decisions could be performed through use of an appropriate sensor, an algorithm employing the MCARI/ MTVI2 index, and a reference plot receiving excess fertilizer N at planting. Additional N would be applied when values of MCARI/MTVI2 reach some percentage, or critical value, of the reference plot reading, which is analogous to using a SPAD chlorophyll meter for this purpose (Westcott et al., 1997) .
Th e nitrogen refl ectance index (NRI), defi ned as the ratio of NIR/green refl ectance for the crop to the mean NIR/green refl ectance from an N reference plot (Bausch and Duke, 1996) , exemplifi es this approach. An N application is recommended when the critical value of the NRI becomes <0.95 of the reference plot. As MCARI/MTVI2 is inversely related to C ab , the critical value of the response index would be the inverse of 0.95, or 1.053, if based on the ratio of MCARI/MTVI2 for the crop to the MCARI/MTVI2 for the reference plot. As an aside, virtually all approaches to in-season assessment of crop N status, by means of chlorophyll meters and optical sensors, involve comparing the crop yet to be fertilized with the crop in a reference plot where N is known to be nonlimiting (Shanahan et al., 2008) .
Crop N demand is determined by yield potential, which varies spatially within farm fi elds and is a direct function of water availability. Th erefore, interaction between plant N and water availability will infl uence the ability of spectral indices such as MCARI/MTVI2 to predict crop response to foliar N. Fitzgerald et al. (2006) combined the CCCI with canopy thermal information to derive stress indices of crop N and water. Field areas could be identifi ed with less water stress where the potential for wheat response to late-season N application is high. Accordingly, additional research should attempt to couple MCARI/MTVI2 with thermal information to estimate crop N at varying amounts of canopy cover with allowance for diff erences in soil and crop water status.
Th e CCCI uses the NDVI as a surrogate for percent plant cover (Barnes et al., 2000) . However, sensitivity of NDVI to C ab at low concentrations (<35 mg cm −2 ) will negatively infl uence estimates of cover (Haboudane et al., 2004) . Values of the NDVI saturate at LAI >2.0 (Haboudane et al., 2004) and are greatly aff ected by soil background refl ectance (Rondeaux et al., 1996; Haboudane et al., 2004) thus further limiting its usefulness for estimating cover (Lee et al., 2004) . In contrast, our study showed MTVI2 to be more sensitive to LAI and resistant to C ab than NDVI, therefore suggesting that the former is a better estimator of cover. Th us, the question remains how MCARI/MTVI2 and CCCI compare in terms of ability to predict the N content of dryland wheat.
Farm fi elds have required multiple reference strips in smaller areas to account for diff erences in soil types that produce different vegetation index values within a strip even though N availability is abundant (J. Schepers, personal communication, 2007) . Soil color and brightness diff erences are reported to be responsible for the variability (Huete et al., 1985) , which have confounded use of remote sensing for determining N requirements in corn (Scharf and Lory, 2002; Sripada et al., 2005) . By accommodating eff ects of LAI, the improved index MCARI/ MTVI2 promises to further refi ne remote assessment of crop N status and may ease the requirement for multiple reference strips. However, further research is needed to evaluate the sensitivity of MCARI/MTVI2 to variation in soil color.
SUMMARY AND CONCLUSIONS
Th e objective of this study was to compare the accuracy of single ratio and combined spectral indices in predicting the SPAD values and fl ag leaf N of hard red spring wheat grown under semiarid conditions. Results showed that traditional spectral indices (i.e., NDVI, GNDVI, OSAVI, SR, and GI) using green, red, or NIR refl ectance were poorly related with SPAD values or fl ag leaf N. Th is inability was mainly due to sensitivity to LAI, which confounds predictions of crop N status, and thus limits the usefulness of spectral indices for predicting wheat N status under dryland conditions. By accounting for variability in LAI and soil background refl ectance, these N-related attributes were accurately predicted using the combined index MCARI/MTVI2. Th ough our fi ndings are specifi c to passive light refl ected from hard red spring wheat, we assume that they would apply to active-light refl ectance measurement systems too. Th e MCARI/MTVI2 is expected to lead to improved spectral refl ectance estimates of SPAD values and fl ag leaf N in dryland wheat and refi nement of late-season foliar N recommendation methods based on sensing of crop N status. Decisions to apply late-season foliar N will depend on knowledge of plant N status and developing trends in plant available water. Eff ectiveness of foliar N applications relies on availability of moisture during the grain fi lling stages.
Additional research is needed to determine whether MCARI/MTVI2 would work well for other crops and variable amounts of plant cover at different growth stages. Practical application of this combined spectral index into in-season N management will require ground-based sensors that have sensitivity in the red edge band and decision algorithms for processing sensor information into N fertilizer inputs. Once this technology becomes available, agronomists and land managers will be better able to assess N deficiencies and manage N applications in dryland cereal production systems.
